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Objective. Traditional surveillance systems capture only a fraction of the estimated 48 million yearly cases
of foodborne illness in the United States. We assessed whether foodservice reviews on Yelp.com (a business
review site) can be used to support foodborne illness surveillance efforts.
Methods.Weobtained reviews from 2005 to 2012 of 5824 foodservice businesses closest to 29 colleges. After
extracting recent reviews describing episodes of foodborne illness, we compared implicated foods to foods in
outbreak reports from the U.S. Centers for Disease Control and Prevention (CDC).
Results. Broadly, the distribution of implicated foods across ﬁve categories was as follows: aquatic (16% Yelp,
12% CDC), dairy–eggs (23%Yelp, 23%CDC), fruits–nuts (7%Yelp, 7%CDC),meat–poultry (32%Yelp, 33% CDC), and
vegetables (22%Yelp, 25% CDC). The distribution of foods across 19more speciﬁc food categorieswas also similar,
with Spearman correlations ranging from 0.60 to 0.85 for 2006–2011. The most implicated food categories in
both Yelp and CDC were beef, dairy, grains—beans, poultry and vine-stalk.
Conclusions. Based on observations in this study and the increased usage of social media, we posit that online
illness reports could complement traditional surveillance systems by providing near real-time information on
foodborne illnesses, implicated foods and locations.
© 2014 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/3.0/).Introduction
An estimated 48 million people experience foodborne illness in the
United States each year (CDC Estimates of Foodborne Illness in the
United States). Most foodborne illnesses are associated with acute gas-
troenteritis (deﬁned as diarrhea and vomiting) (Lucado et al., 2013),
but affected individuals can also experience abdominal cramps, fever
and bloody stool (Daniels et al., 2002; McCabe-Sellers and Beattie,
2004). Although there are several surveillance systems for foodborne
illnesses at the local, state and territorial levels, these systems capture
only a fraction of the foodborne illness burden in the United States
mainly due to few affected individuals seeking medical care and lack
of reporting to appropriate authorities (McCabe-Sellers and Beattie,
2004). One way to improve surveillance of foodborne illnesses is to
utilize nontraditional approaches to disease surveillance (Brownstein
et al., 2009).
Nontraditional approaches have been proposed to supplement
traditional systems for monitoring infectious diseases such as inﬂuenza
(Aramaki et al., 2011; Yuan et al., 2013) and dengue (Chan et al., 2011)., 1 Autumn St. #14, Boston, MA
. This is an open access article underExamples of nontraditional data sources for disease surveillance include
socialmedia, online reports andmicro-blogs (such as Twitter) (Aramaki
et al., 2011; Chan et al., 2011; Madoff, 2004; Yuan et al., 2013). These
approaches have been recently examined for monitoring reports of
food poisoning and disease outbreaks (Brownstein et al., 2009; Wilson
and Brownstein, 2009). However, only one recent study by New York
City Department of Health andMental Hygiene in collaborationwith re-
searchers at Columbia University (Harrison et al., 2014) has examined
foodservice review sites as a potential tool for monitoring foodborne
disease outbreaks.
Online reviews of foodservice businesses offer a unique resource for
disease surveillance. Similar to notiﬁcation or complaint systems,
reports of foodborne illness on review sites could serve as early indica-
tors of foodborne disease outbreaks and spur investigation by proper
authorities. If successful, information gleaned from such novel data
streams could aid traditional surveillance systems in near real-time
monitoring of foodborne related illnesses.
The aim of this study is to assess whether crowdsourcing via
foodservice reviews can be used as a surveillance tool with the potential
to support efforts by local public health departments. Our ﬁrst aim is to
summarize key features of the review dataset from Yelp.com. We study
reviewer–restaurant networks to identify and eliminate reviewers
whose extensive reviewing might have a strong impact on the data.the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/3.0/).
Table 1
Sample reports of alleged foodborne illness. Keywords are in bold.
business_id = rblZR9xtCUgwjE19AU2y8w
user_id = −1rqMSXzoQ7iYTRipDNhPA
stars = 1
date = 2009-01-10
I got HORRIBLE food poisoning from this place. If I could give it negative stars I
would. And no, I'm not a lightweight: I eat Indian food all the time (and have
even been to India) without getting sick. I know it was from the place because it
was the only thing I had eaten that was out of the ordinary for the entire week.
As it turns out, one of my coworkers had the same experience the same week
from the same place, although unfortunately he only told me later and thus I was
not able to avoid it. So, in summary, yikes! If you value your health, stay away!
business_id = 279Aj_4Hd7EhoAZOiip42g
user_id = j0FOcXf6WQeVqlQVdAEt4w
stars = 1
date = 2005-07-11
I went here on a Thursday during their free taco day… I dont know about you all
but I don't ﬁnd getting cold and hot ﬂashes up my spine while puking at 4 in the
morning very exciting. Me and my friend got f*king food poisoning there! I
didn't feel better until 5 pm the next day. Tch… I am still mad at that… Damn
taco meat must've been rat meat. I guess free food means free sh*t at their
restaurant. I'll still go there for the two dollar beer special but the bartenders'
attitude could be a little less b..chy, I dunno just a thought.
business_id = x52nVXRLWAwf3Rw76jcKMg
user_id = MGL6GNXBjchbHx2D70MFbg
stars = 1
date = 2010-01-02
Epic fail. Yesterday, I looked at the reviews and decided to post a four-star
review, as I headed over to Zorba's to meet a few out-of-town friends. “Why such
a bad rap?” I thought — and ﬁgured I'd help boost the reviews of this place that
I'd been to twice before, and enjoyed. Well, I went there yesterday for lunch.
Today, I woke up deathly ill, and proceeded to kick off 2010 by vomiting. Nice.
I'm still sick but my family is taking care of me. The three of us had different
items – not sure what took us all down – but we suspect Zorba's as we all went
our separate ways and are all deathly ill today. Now I will add that I'm sure they
run a good business and are decent people. But food poisoning is the one thing
that cannot happen when you run a restaurant. I will touch base with them to
see if they will do anything for us.
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er than two reports in the same year). Our second aim is to compare
foods implicated in outbreaks reported to the U.S. Centers for Disease
Control and Prevention (CDC) Foodborne Outbreak Online Database
(FOOD) to those reported on Yelp.com. Attribution of foodborne illness
and disease to speciﬁc food vehicles and locations is important for the
monitoring and estimation of the extent of foodborne illness, which is
necessary for public policy and regulatory decisions (Kuchenmuller
et al., 2009; Nyachuba, 2010; Scallan et al., 2013; Woteki and
Kineman, 2003).
Methods
Data sources
Yelp
Yelp.com is a business review site created in 2004. Data from Yelp has been
used to evaluate the correlation between traditional hospital performancemea-
sures and commercial website ratings (Bardach et al., 2013), and the value of
forecasting government restaurant inspection results based on the volume
and sentiment of online reviews (Kang et al., 2013). We obtained data from
Yelp containing de-identiﬁed reviews from 2005 to 2012 of 13,262 businesses
closest to 29 colleges inﬁfteen states (Table A.1). 5824 (43.9%) of the businesses
were categorized as Food or Restaurant businesses.
CDC
We also obtained data from CDC's Foodborne Outbreak Online Database
(FOOD) (CDC Foodborne Outbreak Online Database) to use as a comparator.
FOOD contains national outbreak data voluntarily submitted to the CDC's
foodborne disease outbreak surveillance system by public health departments
in all states and U.S. territories. The data comprises information on the numbers
of illnesses, hospitalizations, and deaths, reported food vehicle, species
and serotype of the pathogen, and whether the etiology was suspected or
conﬁrmed. Note, outbreaks not identiﬁed, reported, or investigated might be
missing or incomplete in the system. For each of the ﬁfteen states represented
in the Yelp data,we extracted data from FOOD inwhich reported illnesswas ob-
served between January 2005 and December 2012.
Analysis
Keyword matching
Weconstructed a keyword list based on a list of foodborne diseases from the
CDC and common terms associated with foodborne illnesses (such as diarrhea,
vomiting, and puking) (Table A.2). Each review of a business listed under Yelp's
food or restaurant category (Table A.5) was processed to locatementions of any
of the keywords. 4088 reviews contained at least one of the selected keywords.
We carefully read and selected reviews meeting the classiﬁcation criteria
(discussed in the next section) for further analysis.
Classiﬁcation criteria
We focused on personal reports and reports of alleged eyewitness accounts
of illness occurring after food consumption (see Table 1 for examples). We
concentrated on recent accounts of foodborne illness and eliminated episodes
in the distant past, such as childhood experiences. For each relevant review,
we documented the following information, if reported: date of illness, foods
consumed, business reviewed, and number of ill individuals.
Bias and cluster analysis
Data bias could be introduced by false reviews from disgruntled former
employees and competitors. Yelp has a process for eliminating such reviews.
We therefore focused on identifying bias introduced by individuals with a
large number of negative reviews compared to the median in the dataset
using network analysis and visualization. If a reviewer had signiﬁcantly more
reports than the median, we would investigate the impact of including and
excluding this individual from the analysis. We also identiﬁed and investigated
restaurants with more than two foodborne illness reports in the same year,
since most restaurants appeared to have one or two reports, and because the
CDC deﬁnes a foodborne disease outbreak as more than one case of a similar
illness due to consumption of a common food (Daniels et al., 2002; Jones
et al., 2013).Comparison of food vehicles
We extracted food vehicles mentioned in the FOOD outbreak reports and
the Yelp data according to the CDC convention of categorizing and grouping
implicated foods (Painter et al., 2009, 2013). Broadly, the taxonomy consisted
of three major categories: aquatic animals, land animals and plants. These
categories were hierarchically distributed into subcategories as shown in
Fig. 2. Initially, we grouped the data into ﬁve major categories: aquatic, dairy–
eggs, fruits–nuts, meat–poultry, and vegetables. Based on observations from
this grouping, we further analyzed nineteenmore speciﬁc categories, capturing
all themajor food groups. The nineteen categories consisted of ﬁsh, crustaceans,
mollusks, dairy, eggs, beef, game, pork, poultry, grains–beans, fruits–nuts, fungi,
leafy, root, sprout, vine-stalk, shellﬁsh, vegetables, and meat. The aquatic,
shellﬁsh, vegetables and meat categories consisted of all foods that belonged
to these categories but could not be assigned to the more speciﬁc categories
such as leafy, crustaceans, poultry, etc. We excluded the oils–sugars category
since most meals include natural or processed oils and/or sugars.
Foods implicated in foodborne illness were either categorized as simple or
complex. Simple foods consisted of a single ingredient (e.g., lettuce) or could
be classiﬁed into a single category (e.g., fruit salad). Complex foods consisted
of multiple ingredients that could be classiﬁed into more than one commodity
(e.g., pizza). For example, if pizza were implicated in an alleged foodborne
illness report, we documented three food categories: grains–beans (crust),
vine-stalk (tomato sauce), and dairy (cheese). If a report included a food item
not easily identiﬁable (such as a traditional dish), we used Google search engine
to locate the main ingredients in a typical recipe (e.g., meat, vegetable, aquatic,
etc.) and categorized the food accordingly.
To compare foods implicated by Yelp and the CDC, we focused on reports
from 2006 to 2011, because the 2012 Yelp data were incomplete. We ranked
the nineteen food categories separately for Yelp and FOOD, according to the
frequency with which each food category was implicated per year. Food
categorieswith the same frequencywere assigned the average of their rankings.
Correlations of the ranked food categories were assessed using Spearman's rank
correlation coefﬁcient, ρ. Analyses were performed in SAS 9.1.3 (SAS Institute,
Inc., Cary, NC).
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Data
De-identiﬁed reviews of 13,262 businesses closest to 29 U.S. colleges
in ﬁfteen states (Table A.1) were obtained from Yelp.com. Of the 13,262
businesses included in the dataset, 5842 (43.9%) were classiﬁed as
foodservice businesses. The data included all reviews from 2005 to
2012. The volume of yearly reviews and reports of foodborne illness
increased linearly from 2005 to 2011, with the majority of data ob-
served between 2009 and 2012 (see Fig. 1).
538 (9.2%) foodservices had at least one alleged foodborne illness
report resulting in 760 reports with mentions of foodborne diseases
and terms commonly associated with foodborne illness (such as
diarrhea, vomiting, etc.). Each review containing at least one of the
foodborne illness-related terms was carefully read to extract informa-
tion on date of illness, foods consumed, business reviewed and number
of ill individuals. Most individuals mentioned being sick recently, but
only 130 (17.1%) indicated the actual date of illness. 12 (1.58%) individ-
uals with an alleged illness mentioned visiting a doctor or being hospi-
talized, and 80 (10.5%) reports indicated that more than one individual
experienced illness. Since each review includes the restaurant informa-
tion, the data can be visualized and also used by public health authori-
ties for further investigation.
We also studied the characteristics of reviewers who submitted
reports of foodborne illness to identify any “super-reporters”. The
highest number of reports by a single individual was four and the
median number of reports was one. Since most reviewers (99.5%) had
only one or two reports of alleged illness, we did not need to perform
the bias analysis outlined in the Methods section or eliminate any
reviewers from the analysis.0
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Fig. 1. The volume of yearly reviews and reports of foodborne illness: (a) Yearly volume of foods
the number of reviews and illness reports could be due to the increased adoption of social meWe disaggregated the data by state and found that California
(n = 319), Massachusetts (n = 109) and New York (n = 57) had the
most illness reports. Since the data were generated based on colleges,
those in sparsely populated regions might have fewer restaurants and
therefore fewer reviews. We observed six clusters of more than two
illness reports implicating the same business between 2007 and 2012,
however, in most cases, reports were observed in different years. The
six restaurants were located in California (four), Georgia (one) and
Massachusetts (one). Per Yelp, one of the restaurants has closed.
Restaurant inspection reports (see Table A.3) for four of the restaurants
suggested at least one food violation in the last four years. These
violations included: contaminated equipment, improper holding
temperature, and cleanliness of food and nonfood contact surfaces.
Implicated foods
557 (73.3%) Yelp foodborne illness reports and 1574 (47.4%)
CDC FOOD outbreak reports included the foods consumed prior to
illness. Of the 1574 CDC outbreak reports, 383 (24.3%) identiﬁed the
contaminated ingredient. Foods were categorized based on the CDC's
convention of categorizing and grouping implicated foods (see Fig. 2)
(Painter et al., 2009, 2013). We initially focused on ﬁve major food cat-
egories: aquatic, dairy–eggs, fruits–nuts, meat–poultry, and vegetables
(see Fig. 3). The distribution of implicated foods across these categories
was extremely similar with identical proportions observed for the
dairy–eggs (23%), and fruits–nuts (7%) categories. The other food
categories had a 1% to 4% difference between Yelp and CDC. We then
further disaggregated the data by year and focused on nineteen speciﬁc
categories based on Fig. 2. Rankings of the frequency of the nineteen
food categories (shown in Table A.4) were positively correlated, with
a mean of 0.78. The correlations for 2006 through 2011 were 0.60,0
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ervice business reviews and (b) yearly volume of foodborne illness reports. The increase in
dia and related technologies for communication.
Fig. 2. Hierarchy of food categories. Food categories are extracted from CDC publications on foodborne illness attribution.
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We also present the proportion of foodswithin each category in Table 2.
Lastly, we focused on illness reports from 2009 through 2011 since the
most illness reports were noted during this period, as previously stated.
Themost frequently implicated groups for 2009–2011were beef (6.30%
Yelp, 9.12% CDC), dairy (11.67% Yelp, 13.30% CDC), grains–beans
(29.19% Yelp, 19.73% CDC), poultry (9.37% Yelp, 9.57% CDC) and vine-
stalk (8.14% Yelp, 10.16% CDC).Fig. 3. Categorization of foods implicated in Yelp reviews and CDC outbreak reports into ﬁve
(a) and CDC (b).Discussion
In this study, we assessed reports of foodborne illness in foodservice
reviews as a possible data source for disease surveillance. We observed
that reports of foodborne illness on Yelp were sometimes extremely
detailed, which could be useful for monitoring foodborne illness and
outbreaks. We also located clusters of reports for particular restaurants,
some of which had health safety violations related to food handling andbroad categories. Proportion of implicated foods in each of the ﬁve categories for Yelp
Table 2
Percentage of implicated foods within each category by year.
Year 2006 2007 2008 2009 2010 2011
Category CDC Yelp CDC Yelp CDC Yelp CDC Yelp CDC Yelp CDC Yelp
Beef 8.22% 9.09% 10.58% 2.70% 11.81% 9.01% 13.24% 3.17% 6.45% 6.67% 8.29% 8.24%
Crustaceans 2.51% 0.00% 1.11% 0.00% 0.37% 2.70% 0.00% 2.12% 0.40% 3.08% 0.92% 0.75%
Dairy 13.24% 9.09% 13.09% 17.57% 12.55% 11.71% 13.73% 15.87% 12.90% 11.28% 13.36% 8.99%
Eggs 5.48% 0.00% 5.57% 5.41% 7.38% 3.60% 10.29% 4.23% 9.68% 3.08% 4.15% 5.24%
Fish 4.79% 0.00% 4.74% 2.70% 5.54% 6.31% 3.92% 2.12% 5.65% 3.08% 3.69% 4.49%
Fruits–nuts 3.88% 0.00% 5.57% 5.41% 5.17% 5.41% 6.37% 5.29% 3.23% 5.64% 5.99% 3.75%
Fungi 0.91% 0.00% 0.84% 2.70% 0.37% 0.00% 0.00% 1.06% 0.40% 1.54% 0.92% 0.75%
Game 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.40% 0.00% 0.92% 0.00%
Grains–beans 17.12% 36.36% 18.94% 28.38% 18.82% 32.43% 18.63% 28.04% 20.97% 29.23% 19.35% 29.96%
Leafy 10.27% 9.09% 5.29% 1.35% 10.33% 4.50% 5.39% 6.88% 11.29% 3.59% 8.29% 5.62%
Meat* 2.05% 9.09% 0.84% 1.35% 0.00% 1.80% 0.49% 3.70% 0.40% 3.08% 0.00% 5.24%
Mollusks 2.74% 0.00% 0.84% 0.00% 0.74% 2.70% 0.98% 1.59% 2.42% 1.03% 5.53% 2.62%
Pork 3.20% 0.00% 4.46% 2.70% 4.06% 4.50% 4.41% 1.59% 3.23% 4.10% 6.45% 2.25%
Poultry 9.59% 27.27% 12.81% 10.81% 9.59% 8.11% 9.31% 10.05% 9.27% 9.74% 10.14% 8.61%
Root 4.34% 0.00% 3.34% 5.41% 0.37% 3.60% 1.47% 3.70% 1.21% 5.13% 0.92% 5.24%
Shellﬁsha 0.23% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
Sprout 0.00% 0.00% 0.84% 0.00% 0.74% 0.00% 1.47% 0.00% 1.21% 0.00% 1.38% 0.75%
Vegetables* 0.46% 0.00% 1.39% 0.00% 0.37% 0.00% 0.49% 1.06% 0.00% 1.54% 0.00% 0.37%
Vine-stalk 10.96% 0.00% 9.75% 13.51% 11.81% 3.60% 9.80% 9.52% 10.89% 8.21% 9.68% 7.12%
a Indicates all foods in this category other than those speciﬁc categories listed in Fig. 2.
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reveal clusters useful for outbreak detection. Most importantly, we
found that foods implicated in foodborne illness reports on Yelp corre-
latedwith foods implicated in reports from the CDC. This could be useful
for identifying food vehicles for attribution and estimation of the extent
of foodborne illness. Additionally, institutions and foodservices are con-
sidered principal locations for foodborne outbreaks (McCabe-Sellers
and Beattie, 2004), and studies suggest that Americans are increasingly
consuming food outside the home (Nielsen et al., 2002; Poti and Popkin,
2011), which could lead to increased exposure to pathogens associated
with foodborne illness. Approximately 44% and 3.4% of outbreaks
contained in the CDC FOOD dataset were suspected or conﬁrmed to be
associated with restaurants and schools, respectively. A better under-
standing of foods and locations typically implicated in reports of
foodborne illness is therefore needed in order to improve surveillance
and food safety.
Although this data source could be useful for monitoring foodborne
illness, there are several limitations in the data and the analysis. First,
the incubation periods differ for different foodborne diseases, which
can lead to misleading reports on time and source of infection. Second,
some reports are delayed by several weeks or months, which could be
challenging for surveillance. Individuals could be encouraged to report
symptoms in near real-time or indicate the suspected date of infection.
Third, the zero percentages in Table 2 could be due tomissing data from
the Yelp.com reviews and/or from the CDC reports and should therefore
be treated with caution. As a result, the reported correlations could also
be affected by missing data, in addition to other factors (such as the
scheme used in categorizing and grouping foods). Fourth, the term list
used in extracting foodborne illness reports are limited to typical
symptoms of gastroenteritis and foodborne diseases, thereby missing
some terms and slang words that could be used to describe foodborne
illness. In future studies, we will develop a more comprehensive list
that includes additional terms to better capture reports of foodborne
illness. Fifth, the data are limited to businesses closest to speciﬁc
colleges implying only a sample of foodservices in each state were
included in the dataset thereby limiting the conclusions that can be
drawn from the comparison with the FOOD data, which although
limited is aimed at statewide coverage of disease outbreaks. Sixth, the
number of restaurants serving particular food items could inﬂuence
the distribution of implicated foods across the food categories. For
example, cities in the central part of the U.S. might be more likely
to serve meat–poultry products compared to aquatic products. Conse-
quently, individuals are more likely to be exposed to foodbornepathogens present in foods that are more regularly served, which
could partially explain the implications of these foods in foodborne
illness reports. Lastly, the CDC warns that the data in FOOD are incom-
plete. However, this is the best comparator available for this analysis
at a national scale. More detailed state or city-level analyses could
further reﬁne the evaluation of this online data source. The lack of
near real-time reports of foodborne outbreaks at different geographical
resolutions reinforces the need for alternative data sources to supple-
ment traditional approaches to foodborne disease surveillance.
In addition, data fromYelp.comcan be combinedwith data fromother
review sites, micro-blogs such as Twitter and crowdsourced websites
such as Foodborne Chicago (https://foodborne.smartchicagoapps.org)
to improve coverage of foodborne disease reports. Furthermore,
although this study is limited to the United States, foodborne diseases
are a global issue with outbreaks sometimes spanning multiple
countries. We could therefore use a similar approach to assess and
study trends and foods implicated in foodborne disease reports in
other countries.Conclusions
Social media and similar data sources provide one approach to
improving food safety through surveillance (Newkirk et al., 2012).
One major advantage of these nontraditional data sources is timeliness.
Detection and release of ofﬁcial reports of foodborne disease outbreaks
could be delayed by several months (Bernardo et al., 2013), while
reports of foodborne illnesses on social media can be available in near
real-time. A study by Pelat et al. (2009) illustrated that searches for
gastroenteritis were signiﬁcantly correlated with incidence of acute
diarrhea from the French Sentinel Network. Other studies leveraging
data from social media (such as Twitter) have been able to track reports
of foodborne illnesses and identify clusters suggesting outbreaks
(Ordun et al., 2013; Sadilek et al., 2013). Most individuals who experi-
ence foodborne illnesses do not seek medical care but might be willing
to share their experiences using social media platforms. By harnessing
the data available through these novel sources, automated data mining
processes can be developed for identifying and monitoring reports of
foodborne illness and disease outbreaks. Continuous monitoring, rapid
detection, and investigation of foodborne disease outbreaks are crucial
for limiting the spread of contaminated food products and for pre-
venting reoccurrence by prompting changes in food production and
delivery systems.
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